Resumen: Muchos objetivos motivan la restauración ecológica, incluyendo la mejora de la condición de la vegetación, el incremento de la extensión y abundancia de las especies amenazadas, y la mejora de la riqueza de especies y la diversidad. Aunque se han utilizado modelos para examinar los resultados de la restauración ecológica, pocos investigadores han intentado desarrollar modelos que consideren objetivos múltiples, potencialmente competitivos. Desarrollamos un modelo combinado de estado y transición y distribución de especies para predecir los efectos de las acciones de restauración sobre la condición y extensión de la vegetación, la diversidad de aves, y la distribución de varias especies de aves en los bosques del sureste de Australia. Las acciones reflejaron varios objetivos de manejo. Después validamos los modelos ante un conjunto independiente de datos e investigamos cómo las mejores decisiones de manejo podrían cambiar cuando los objetivos fueran valorados de forma diferente. También utilizamos resultados de modelos para identificar las opciones efectivas de restauración para la vegetación y las especies de aves bajo un presupuesto restringido. En los ejemplos que evaluamos ninguna acciónúnica (la mejora de la extensión y condición de la vegetación, el incremento de la diversidad de aves, o el incremento de la probabilidad de presencia de las especies amenazadas) proporcionó el mejor resultado en todos los objetivos. En las tierras agrícolas, las acciones de manejoóptimo para promover la presencia del trepatroncos café (Climacteris picumnus), una especie amenazada icónica, resultó en una pequeña mejora en la extensión de la vegetación y una alta probabilidad de una condición vegetal disminuida. Este resultado resalta que la mejor acción de manejo en cualquier situación depende de cuánto se valoren los diferentes objetivos. En nuestro escenario de ejemplo, el control de hierbas o ningún manejo tuvieron la probabilidad de ser las mejores opciones de manejo para satisfacer los múltiples objetivos de restauración. Nuestra estrategia para explorar las compensaciones en los resultados de manejo por medio de un modelado integrado y estrategias apoyadas por decisiones estructuradas tiene una aplicación amplia para situaciones en las que existen compensaciones entre los objetivos de conservación en competencia.
Palabras Clave: análisis multicriterio de decisión, compensaciones, modelo de distribución de especies, modelo de estado y transición, red Bayesiana
Introduction
Assessing restoration success relies on well-defined restoration goals that can be measured over space and through time (Miller & Hobbs 2007) . However, ecological restoration often has multiple objectives encompassing several ecosystem components, and this can make identifying optimal restoration decisions complicated. It is often assumed that managing for one objective will lead to favorable outcomes for other objectives (Thorpe & Stanley 2011) . For example, improving vegetation condition is a common objective in management plans because high vegetation condition and undisturbed vegetation is fundamentally valued and because provision of highquality habitat is a means to achieving positive management outcomes for plants and animals (Thomson et al. 2009 ). Failure to explicitly identify the link between the means objectives and the fundamental objectives can hinder efforts to determine the optimal restoration actions or assess the efficacy of restoration (Keeney 2002) .
Even when restoration objectives are clear, high uncertainty and a general paucity of information means the decision-making process for restoration is prone to inconsistencies and is often poorly justified (Keeney 2002) . Predicting the outcomes of restoration actions for multiple objectives is a challenging proposition because ecological systems respond differently to biotic and abiotic factors over space and time (Martin et al. 2012) . Modeling expected outcomes can aid the decision-making process by ensuring that restoration proceeds logically, consistently, and transparently (Starfield & Blelock 1986) , such that the assumptions, knowledge gaps, and trade-offs underlying the decisions are made clear and can be updated over time (McCann et al. 2006) .
Plants and animals are rarely considered together in restoration efforts because it is difficult and expertise often divides along taxonomic lines (McAlpine et al. 2016 ). State-and-transition models (STMs) are popular frameworks for intuitively depicting the relationship between restoration efforts and vegetation or habitat condition (Bestelmeyer et al. 2004; Rumpff et al. 2011 ). These models are typically qualitative and use expert opinion in addition to, or in place of, empirical data on responses to restoration. Although models of restoration outcomes for fauna are scarce (e.g., Howes et al. 2010) , species distribution models (SDMs) have been used to provide quantitative insights into the possible responses of fauna to restoration (e.g., Robinson 2006) . State-and-transition models and SDMs are often seen as alternative, rather than complementary, approaches to examining the efficacy of restoration.
We sought to develop the first predictive model that integrates a vegetation-focused STM with faunal SDMs. We applied our approach to a case study of the boxironbark woodlands in northern Victoria, Australia. The area is managed predominantly by the Goulburn Broken Catchment Management Authority (GBCMA). Their biodiversity objectives are to improve the quality (or condition) of 90% of existing (2005) native vegetation by 10% by 2030 and improve outcomes (occurrence and abundance) for threatened species (Miles et al. 2010) . We based the faunal objectives in our model on birds because the GBCMA supports several conservation initiatives for birds (Miles et al. 2010; GBCMA 2013) . The Goulburn Broken catchment is home to the eastern subspecies of the Brown Treecreeper (Climacteris picumnus), which is classified as near threatened on the Advisory List of Threatened Vertebrate Fauna in Victoria, and several species of birds known to be in decline (IUCN 2015) , including the White-plumed Honeyeater (Lichenostomus penicillatus), Olive-backed Oriole (Oriolus sagittatus), and Restless Flycatcher (Myiagra inquieta). Furthermore, the GBCMA states that maintaining species diversity is important because "species provide genetic and other resources that are of inestimable economic value (e.g., tourism, forestry, and agriculture), provide indirect benefits to humanity through 'ecosystem services' that are essential to our survival, and are of scientific interest and aesthetic importance" (Miles et al. 2010: 58) .
We developed a decision-support tool that integrates a quantitative STM of vegetation responses to restoration in the Goulburn Broken catchment (Rumpff et al. 2011) with SDMs from the same region (Yen et al. 2011) . We used the integrated model to predict how management actions affect the outcomes of multiple restoration objectives and to test the common, but rarely tested, assumption that improving vegetation condition improves management outcomes for fauna. We also used the model to identify trade-offs among management objectives. We devised a multicriteria decision analytic approach to explore trade-offs between multiple objectives based on the outputs from the model. We sought to help decision makers transparently determine the relative merits of alternative management strategies so they can balance outcomes according to stated preferences (weightings) of different objectives.
Methods

Study Area
Our case study was of the box-ironbark forest and woodlands of northern Victoria, Australia. The area includes the Victorian Riverina (including the Goulburn Broken Catchment) and has hot, dry summers and cool, wet winters (average temperatures of 15-21 and 3-9°C, respectively) and approximately 360-672 mm of rainfall per annum (DEPI 2016) . Much of the region has been converted to agricultural and remaining native vegetation is highly fragmented (Bradshaw 2012) . Our definition of vegetation condition was based on the vegetation attributes percent vegetative cover and species richness of the midand understory, percent weed cover, density of mature tree stems, density of immature tree stems, and recruitment of woody species (Rumpff et al. 2011 ) (Supporting Information). These attributes are commonly used to characterize vegetation condition in Australia (Parkes et al. 2003 ). Vegetation condition is described as a series of states where the best condition reference is characterized by having low percent weed cover; moderate to high species richness and percent cover in mid-and understory; moderate density of mature trees and low density of immature trees relative to vegetation benchmarks for the specific ecological vegetation class; and recruitment of tree and shrub species (Rumpff et al. 2011) .
Overview
We developed a model that combined state-and-transition and SDMs (ST-SDM) to predict vegetation and faunal (bird) outcomes of restoration in the Goulburn Broken woodlands. Thus, we considered how restoration influences vegetation condition, bird species richness, and bird species' occurrences. We used the STM (Rumpff et al. 2011 ) to predict changes in vegetation attributes following management interventions and linked these predictions of vegetation attributes to species' occupancy probabilities and species richness via a SDM (Yen et al. 2011) . We then used multicriteria decision analysis to demonstrate how a single best restoration action might be identified based on the outputs of our combined ST-SDM (Driscoll et al. 2016) (Fig. 1) . We describe our general process below. Detailed description of the STM, SDMs, and ST-SDM are in Supporting Information.
State-and-Transition Model
We used a STM, constructed as a Bayesian network, to characterize changes in multiple vegetation attributes as a function of management and other environmental variables (Howes et al. 2010; Rumpff et al. 2011; Ticehurst et al. 2011) . Bayesian networks are graphical models that depict probabilistic dependencies and are composed of nodes that represent variables and directional links that represent statistical (probabilistic) relationships between nodes (Pearl 1986; McCann et al. 2006) . Bayesian networks are well suited for the integration of existing, often diverse, models and complex hypotheses (McCann et al. 2006) .
We modified an existing Bayesian network following Rumpff et al. (2011) . Their network had nodes for vegetation attributes to represent recruitment, species richness, and percent cover of the mid-and understory, percent weed cover, and density of immature and mature tree stems. To reflect the habitat requirements of the bird species in our case study, we added nodes to reflect percent tree cover within 500 m of the site and total understory cover, which was a composite of nodes for native and non-native understory cover. In conjunction with nodes representing management actions, site history, and environmental conditions, these vegetation attributes interacted to determine vegetation condition in the future.
Vegetation condition was categorized into 7 discrete states: reference, simplified, oldfield, derived, thicket, native pasture, and non-native pasture (defined in detail in Supporting Information). These states represent
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Volume 31, No. 6, 2017 different combinations of values at the vegetation attribute nodes (e.g., shrub species richness, mature stem density). As with state variables, additional management actions were integrated into the original model as probabilistic nodes to reflect common management strategies for birds typical of the region (details on Bayesian network construction in Supporting Information). We constructed our Bayesian network model in Netica (Norsys 2010 ) (Netica model file in Supporting Information).
Species Distribution Models
We made static predictions about the occupancy and richness of bird species by fitting a random-forest SDM (Breiman 2001) . In this model, observed bird species' occupancies and species richness were assigned to groups based on recursive binary partitioning of the predictor variables (vegetation attributes) (Breiman 2001) . We fitted random-forest models to data on occupancy of birds, 1 model for each species, following Yen et al. (2011) (code available in Supporting Information).
We included number of immature tree stems per hectare, number of mature stems per hectare, number of shrub species, percent tree cover within 500 m, and percent cover of understory vegetation in a site as predictor variables in the fitted SDMs. We standardized predictor variables to 0 mean and unit variance.
We used the percent reduction in deviance as a measure of model fit. For a regression model with binary outcome, the deviance is -2 [y i log(
, where y i is the observed presence or absence of a given species in site i and p i is the fitted probability of occurrence of that species in site i. We calculated the null deviance (dev null ) from an intercept-only generalized linear model with logit link. We calculated percent reduction in deviance as (dev null -dev rf ) / dev null , where dev rf is the deviance of the fitted random-forest model. For models of species occurrence, we recorded the area under the receiver operating characteristic curve (AUC) as an estimate of the model's out-of-sample, predictive performance. For models of species richness, we used the r 2 value (based on Pearson's r) between observed and predicted species richness as an estimate of model fit. We fitted random-forest models with the random-forest package in R (Breiman 2001; Liaw & Wiener 2002) and calculated AUC values in the pROC package (Robin et al. 2011 ).
Integrated ST-SDM
By using a subset of the state variables from the STM as predictors for birds in the SDM, we were able to develop an integrated model that could predict outcomes for birds as well as vegetation. We used the integrated ST-SDM to predict outcomes under four commonly used management interventions: no action; planting a 20 × 800 m buffer of native trees between existing vegetation and agricultural land; fencing; weed control; and fencing and weed control. Weed control in this instance was extensive application (e.g., with a boom sprayer) of residual herbicides (Schirmer & Field 2000; Rumpff et al. 2011) .
Our ST-SDM generated predictions for the cover, richness, or density of individual vegetation attributes (state variables) and for the probability of a site being in a particular condition state. We also recorded predicted probabilities of occurrence for Brown Treecreeper, Olivebacked Oriole, Restless Flycatcher, and White-plumed Honeyeater. Species richness was the total number of species present from a total of 129 species (see Supporting Information). To estimate species richness, we summed the number of species modeled to occur at each site; a species was present if its predicted probability of occurrence was >0.7. Because the results were not substantially different when averaged over a range of thresholds, we chose this value because it achieved the closest correspondence between observed and predicted bird species richness in the training data set.
Examining Vegetation Condition as a Proxy for Faunal Outcomes
Bayesian networks contain conditional probability tables that include information on the dependent variables (e.g., bird richness or occurrence) for every combination of states of the predictor variables (e.g., high, medium, and low percent weed cover). To determine whether vegetation condition is a good proxy for bird occurrence and richness, we extracted conditional probability tables from the ST-SDM Bayesian network and found the site or sites with the combination of variables that resulted in the maximum species richness and probability of the four target species occurring. In cases where not all of the predictor variables strongly influenced occurrence or richness, multiple combinations of predictor-variable states yielded the maximum probability of occurrence or species richness. We identified the vegetationcondition states that could provide vegetation with these characteristics. For example, for the Brown Treecreeper, preferred vegetation-condition states included moderate density of immature stems, low density of mature stems, very low midstory richness, very low grass cover, and any level of tree cover, as identified by our SDM results. We wanted to determine whether the vegetation condition states optimal for occurrence or richness of a particular bird matched the reference or simplified vegetation condition states, which are typically considered high vegetation condition.
Model Validation
We used an independent data set from the Goulburn Broken catchment to validate our combined ST-SDM. These data were composed of vegetation attributes and
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Volume 31, No. 6, 2017 bird occurrences in 1993 and 2011, which matched the 5-to 10-year timeframe of our model. A subset of these sites were actively managed, either with a 20 × 800 m planted buffer or with a fence to remove stock.
We used this independent data set to test whether our model reliably predicted vegetation condition, bird species richness, and occurrence of declining bird species under three management interventions: no action, planting buffer vegetation, and fencing. We tested the predictive ability of our SDMs, the STM, and our integrated ST-SDM.
To test our bird-occurrence SDMs, we calculated the AUC. We tested the SDM estimates of bird species richness by calculating an r 2 value for the correspondence between observed and predicted bird species richness.
To test our vegetation condition STM, we input information from our validation data set about the initial site variables and the management actions undertaken. We compared the vegetation condition after management according to our validation data set with the modeled, average, predicted probability that a site would be classified into each vegetation condition state ("oldfield,"
[sic] "exotic pasture," [i.e., non-native] "derived," etc. [Rumpff et al. 2011] ).
To test our ST-SDM, we entered the initial site variables and management actions and compared the predicted probability of bird species occurring at sites where the species was observed to occur in the post management validation data with sites where they did not occur. One would expect that a reliable model would predict higher probabilities of occurrence at sites where the species occurred than at sites where the species was absent.
Predictions of Restoration Effectiveness
To demonstrate how our integrated ST-SDM could support decisions with multiple objectives, we generated model predictions over 5-10 years. We assumed restoration was implemented at a site in oldfield condition, stocked continuously with sheep at a low density, which is a typical for the study region (Supporting Information). We assumed adequate rainfall at all restoration sites. We focused on 3 performance measures that reflect the management objectives of the GBCMA: avoid a reduction in vegetation condition (e.g., vegetation condition converting from oldfield to non-native pasture); maximize the probability of occurrence for threatened and declining species; and maximize the richness of bird species at the site. We compared the relative costs of restoration actions (Schirmer & Field 2000) as an additional component in the determination of the best restoration options. 
Multicriteria Decision Analysis
Stakeholder preferences will differ, so there may not be a shared preferred decision (Keeney 2002) . In practice, weightings would be elicited from key stakeholders or decision makers corresponding to how much they value different objectives. In the absence of elicited weights, we examined the sensitivity of the decision score to weighting.
To facilitate multicriteria decision analysis, we used multiattribute utility theory (Driscoll et al. 2016) . This involved combining model outputs with weights that reflect the relative importance of changes in each of the measurable objectives (bird species richness; Brown Treecreeper, White-plumed Honeyeater, Restless Flycatcher, and Olive-backed Oriole occurrence; and probability of reduced vegetation condition). Each performance measure was scaled such that the worst outcome for that objective was assigned a value of zero and the best outcome was assigned a value of 1.
We used linear, additive utility functions to identify the best restoration under all possible combinations of weights (Driscoll et al. 2016 ). We simulated 10,000 random weights for each performance measure and assigned each performance measure a weight from 0 (no value) to 1 (most preferred). We summarized how often the randomly simulated values resulted in each restoration strategy being considered the best.
Results
Species Distribution Models
Models for the occurrence of the White-plumed Honeyeater, Restless Flycatcher, and Olive-backed Oriole predicted the training data well; all internal AUC values exceeded 0.7 (Table 1 ). These models explained 14-37% of the deviance in the data. The model for Brown Treecreeper occurrence predicted and fit the data less well. This model explained only 2% of deviance and had an internal AUC of 0.68. Models of species richness fitted the data poorly; r 2 = 0.024 for the relationship between observed and modeled species richness.
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Vegetation Condition as a Proxy for Fauna
The integrated model (Fig. 2) revealed that the Brown Treecreeper, Olive-backed Oriole, Restless Flycatcher, and White-plumed Honeyeater preferred vegetation with different compositions, particularly relative to mature stem density, shrub richness, and grass cover. Therefore, the vegetation condition that supported the highest richness and occurrence of these species varied. Oldfield condition vegetation was suitable for all targeted bird species, but native pasture, non-native pasture, derived, and simplified conditions were also suitable for some species (Table 2) .
Model Predictions
Performance measures (occurrence of Brown Treecreeper, White-plumed Honeyeater, Olive-backed Oriole, and Restless Flycatcher; species richness; and likelihood of reduced vegetation condition) and cost differed under 5 common restoration strategies (Table 3) . There was a trade-off between objectives; that is, no single restoration strategy was best for all performance measures. For example, the highest species richness occurred when the site was subjected to weed control, but weed control was the worst option for increasing the probability of White-plumed Honeyeater occurrence. In contrast, fencing was the best management option for White-plumed Honeyeaters, but it was expensive (AU$904/hectare), whereas the cost of no action was 0 and only slightly less beneficial than fencing.
Model Validation
The SDMs predicted the occurrence of species in the validation data set reasonably well (Table 1) , particularly in the case of the White-plumed Honeyeater (AUC 0.7) and the Olive-backed Oriole (AUC 1.0). Bird species richness was predicted poorly; the r 2 value was 0.0003 between predicted and observed species richness in the validation data set.
The STM predicted vegetation condition reasonably for no action, planting a buffer, and fencing to remove stock (Table 4) . Only three vegetation condition states were observed: oldfield, non-native pasture, and derived. The model predicted that sites were likely to fall into one of these vegetation conditions or into a nativepasture condition (condition and state seem redundant). Sites predicted to be in the oldfield condition had a 0.36 probability of being observed in an oldfield condition, a 0.45 probability of being observed in a nonnative pasture condition, and a 0.34 probability of being observed in a derived condition.
The STM did not predict all of the state variables that control vegetation condition and bird species richness and occurrence as well. The r 2 values for agreement between observed and predicted tree cover, weed cover, native understory cover, midstory richness, immature stem density, and mature stem density ranged from 0.0003 to 0.08. The integrated ST-SDM predicted the effect of initial vegetation condition and management actions on bird occurrences and richness poorly. Bird species occurrences were also poorly predicted by the validation data set (r 2 = 0.04). The integrated ST-SDM predicted that each bird species would occur approximately as frequently in sites where the species were observed as in sites where the species did not occur based on our validation data set. For example, the model predicted probability of Restless Flycatcher occurrence was 0.44 at sites where it occurred in the validation data set and 0.46 at sites where it was not found in the validation data set (see details in Supporting Information).
Sensitivity to Weighting
When varying randomly simulated weights for each variable (cost, species richness, and vegetation condition, etc.) to calculate decision scores, no action (43.1%), fencing to remove stock (9.5%), weed control (36.7%), and fencing with weed control (10.7%) were all identified as optimal management strategies for multiple objectives. Planting a buffer was never the best sole management action to best meet the management objectives within 5-10 years.
Discussion
Model Utility
We are among the few to use an integrated modeling approach that explicitly models the multiple outcomes sought by managers investing in restoration. We achieved this by integrating two popular modeling techniques in conservation and natural resource management: STMs and SDMs. Alone, SDMs can be used to compare the suitability of an area for different species, but they do not directly inform management or take into account the relative costs and expected outcomes of competing management options. In ecology, STMs have been used predominantly to predict the response of vegetation to management actions and typically account only for objectives focused on vegetation. This precludes analysis of trade-offs when additional objectives exist. We found that a combined ST-SDM can be applied to inform managers about the impacts of restoration actions on multiple objectives. Such models are predisposed to updating as more data become available, in the spirit of passive adaptive management (Duncan & Wintle 2008 ). Combining integrated model outputs with multicriteria decision analysis can help managers identify a preferred restoration
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Volume 31, No. 6, 2017 Rumpff et al. (2011) (light grey) , the nodes added for this study (white) , and the nodes taken directly from the original Rumpff et al. (2011) strategy, given the expected benefits to multiple objectives arising from candidate restoration options and the preferences of managers and stakeholders for different outcomes that are embodied in the weighting we used. The first key question we addressed was whether there are trade-offs between restoration objectives. The Brown Treecreeper occurred in sites with relatively low mature stem density, midstory richness, and grass cover compared with the White-plumed Honeyeater, indicating likely trade-offs between good outcomes for the 2 species when choosing restoration actions (Table 2) . In the scenario we tested (an oldfield site stocked with a low density of sheep), weed control was the best strategy for Brown Treecreepers (probability of occurrence, p occ = 0.81) but was the worst strategy for White-plumed Honeyeaters (p occ = 0.17) ( Table 3) .
Figure 2. The integrated state-and-transition and species-distribution model (ST-SDM) showing the nodes altered from
STM (dark grey).
The second key question we addressed was whether actions aimed at maintaining or improving vegetation condition corresponded to positive faunal outcomes. The objective of maintaining vegetation condition was best achieved by fencing to remove stock and conducting weed control. However, this was the most expensive option and had poor outcomes for the Restless Flycatcher and suboptimal outcomes for species richness and the occurrence of the other target species (Table 3) . Thus, we found trade-offs between preserving species diversity and threatened species and improving vegetation condition, perhaps because the vegetation attributes associated with high vegetation condition (especially reference and simplified conditions) do not strongly determine faunal occurrence. However, high levels of habitat degradation in our study area may have led to extirpations of species that live in relatively undisturbed woodlands (e.g., Turquoise Parrot [Neophema pulchella] and Painted Honeyeater [Grantiella picta]), which would have inhibited our ability to detect a relationship between simplified or reference vegetation conditions and faunal outcomes. In any case, it is important to explore the assumption that vegetation considered in a high condition based on vegetation attributes provides the best outcome for fauna, especially if restoring vegetation is a means to achieving the fundamental objective of restoring or creating habitat. The ST-SDM framework we devised can be used to undertake such an exploration.
An integrated ST-SDM coupled with multicriteria decision analysis can help managers simultaneously predict the effect of restoration strategies on a number of objectives at a site scale and select the restoration strategy that provides the best outcomes given the values placed on the objectives. We used this model to explore how preferred restoration strategies varied when objectives were weighted according to different hypothetical stakeholder values. In a real-world context, some stakeholders may value increases in the occurrence of a declining species very highly, whereas others may place more value on enhancing the condition of the vegetation. We found that
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Volume 31, No. 6, 2017 no management strategy was the best across all objectives in our case study over the period we considered. However, our results highlighted an action (planting buffer vegetation) that never provided the best outcome for any objectives over our 5-to 10-year time frame. Consequently, 4 strategies could satisfy stakeholder objectives: no action, fencing to remove stock, weed control, and fencing and weed control. The optimal management strategy at any given site depends on the values of the relevant stakeholders.
Model Development and Integration
Information about the efficacy of restoration is limited and is usually based on or supplemented by expert opinion due to limited resources for the collection, storage, and analysis of monitoring data. An adaptive-management framework supported by a quantitative process model can facilitate the integration of existing knowledge with new information to evaluate and improve restoration practices (Duncan & Wintle 2008) .
We demonstrated the first stages of adaptive management by validating the model's predictive ability for an independent data set. This validation process identified components of the model that performed poorly and would thus impede the choice of an optimal course of management. For example, the model predicted vegetation condition reasonably well but did not predict vegetation attributes or bird outcomes well (Table 1 & Supporting Information). Poor performance in validation tests was not entirely surprising because the validation data were collected in different years and with different sampling methods. Poor model predictions may also have been due to the effects of the millennium drought (Haslem et al. 2015) , which affected one of the data collection periods. In addition to possibly changing the relationship between vegetation and bird occurrence (Haslem et al. 2015) , the millennium drought may have affected the growth and senescence of vegetation (Fensham & Holman 1999) Yen et al. (2011) or included in our validation data set. To link the STM with the Yen et al. (2011) SDMs and to validate the model, we restricted the vegetation attributes used in the SDMs to those that were common to the training and validation data sets and that could reasonably be included in the STM. This resulted in the omission of several variables that are often used to predict bird occurrence and richness, including midstory cover (which was absent in the validation data) and habitat fragmentation (which was absent from the STM and validation data) (Yen et al. 2011; Garrard et al. 2012) . The omission of these 2 variables may account for the model's poor ability to predict bird species richness; r 2 values were 0.024 and 0.0003 for the correlation between predicted and observed bird species richness in the training and validation data respectively. Mismatched variable sets are likely to be problematic whenever models created for different purposes are combined. The integration of STMs and SDMs will work best when the data collected for SDMs match the variables in the STM, or vice versa.
The integrated model would be improved if it were used in an adaptive-management framework. This would allow further development of the conceptual model underlying the ST-SDM, in terms of structure and parameterization, supported by data collection and modeling across a broader range of vegetation attributes over a longer period. Fortunately, our modeling approach is well suited to iterative and opportunistic addition of data or incorporation of changes in expert knowledge.
Irrespective of the model's current predictive performance, we have illustrated a modeling framework that could be used to quantify expected management outcomes, characterize and explore uncertainty, and examine potential trade-offs among multiple objectives. Our model highlighted the possible pitfalls of assuming vegetation considered to be in high condition based on vegetation attributes would mean good outcomes for birds, an important consideration when trying to improve bird richness or occurrence. Ongoing validation and improvement of the model will help ensure that the assumptions and knowledge gaps influencing decisions are identified and the model improves over time to provide better management outcomes. To our knowledge, we are the first to combine STMs and SDMs to predict the impact of restoration strategies on multiple objectives. When paired with multicriteria decision analysis, our model provides a powerful approach to identifying restoration priorities that reconcile empirical evidence and stakeholder preferences for outcomes given competing objectives. Given the broad availability of SDMs and the possibility of developing STMs from expert opinion, our modeling approach could be applied to wide variety of contexts to rapidly inform multiobjective management decisions.
Supporting Information
A list of species included in random-forest trees to estimate species richness (Appendix S1), details of the integrated model construction and node states (Appendix S2), code used to run random forest trees (Appendix S3), a Netica file containing the full model (Appendix S4), details of the model scenario (Appendix S5), an analysis of the predictive ability of model components (Appendix S6) are available online. The authors are solely responsible for the content and functionality of these materials. Queries (other than absence of the material) should be directed to the corresponding author. Supporting Information Appendix D S1: Image of the integrated network showing the initial conditions as listed above. Variables altered to set the initial site conditions are shown in boxes with belief bars. Appendix D S2: Image of the integrated network showing the variables changed to match one of our studied management interventions (fencing to remove stock) and the outcomes of management for vegetation condition, species richness and the occurrence of white-plumed honeyeater, brown treecreeper, restless flycatcher, and olive-backed oriole.
